Abstract-In this paper we address the problem of assessing quantitatively the quality of traversability maps computed from data collected by an airborne laser range finder. Such data is used l o plan paths for an unmanned ground vehicle (UGV) prior to the execution of long range traverses. Little attention has been devoted to the problem we addms in this paper. We use a unique data set of geodetic control points, real robot navigation data, ground LIDAR &I& Detection And Ranging) data and acrial imagery, collected during a week long demonstration to support our work.
I. INTRODUCTION Numerous results and extensive field tests have been reported on autonomous mobile robot navigation for planetary exploration [151, [IO], cross country navigation [3]
or polar exploration [ 111. Typically the robot performance evaluation is based on successful completion of test missions. We argue that a more pointed evaluation of performance is appropriate to improve the system performance. For example path planning relies on a ground surface model of the terrain whose quality will affect the traversability map and the paths produced. Knowledge about the quality of the traversability map is critical. But few experiments have focused on such lopic because of the multi-dimensionality of the problem, the representativity of the terrain to be used, the collection of ground truth and recording of vehicle states that require substantial logistics.
In this paper we address the problem of assessing quantitatively the quality of traversability maps computed a priori from aerial LIDAR data collected over vegetated terrains.
Our problem is an instance of the broader problem of autonomous mobile robot performance evaluation. This difficult problem has recently received increasing attention with the Performance Evaluation of Intelligent System Workshops (PERMIS) organized by NIST [E] . Robotic competitions, like the AAAI [141 or the robocup [SI competition, are common ways to evaluate robot performance.
Extensive field test is the other common way as with FIDO in preparation for Mars exploration [151. We tackle our problem by looking at the quality of the elevation map recovered from raw aerial data, the influence of the vehicle model and by comparing the a priori data analysis and the experimental data collected when the robot traverses a terrain. Our analysis is supported by extensive field tests and data collection.
During the DARPA PerceptOR program [7] our team, lead by General Dynamic Robotic Systems, conducted four one-week-long experiments in various terrains (mountainous, desea, southern meadows, northern forest). During each experiment, long range autonomous navigation was performed by an All Terrain Vehicle (ATV) using a priori aerial LIDAR data for global path planning as reported in [16] . For this paper we use the data collected during the latest experiment we conducted in November 2002 which include aerial LIDAR data, high-resolution geo-referenced aerial imagery, geodetic control points, ground LIDAR data and terrains surveys.
The rest of this article is divided into three sections. Section 2 presenu the method used to generate the traversability maps and to plan the paths a priori using aerial LIDAR data. Section 3 describes the assessment of the traversability maps and presents results from extensive field tests. Finally we conclude in Section 4.
11. GLOBAL PATH PLANNING USING AERIAL LIDAR DATA In this section we report briefly the method used to compute the traversability map from aerial LIDAR data and to produce the paths. The steps described in the next paragraph are illustrated in Figure 1 . Details on the path planning method can be found in [16] , while details on the vegetation filtering method can be found in [9].
Using raw three-dimensional (3-D) points collected by an aerial LIDAR, the goal is to produce a safe path connecting a set of given intermediate waypoints. The procedure is decomposed into 3 steps: 1) each 3-D p i n t is classified as ground or vegetation ; 2) a vehicle model and the previous data are used to quantify the risk of traversing each cell along eight specific directions and 3) a path, minimizing the cumulated risk for traversing the cost maps between each waypoint, is finally produced.
Vegetation filtering is of utmost importance because we need to recover. from the raw data, the part of the terrain the robot will be driving on. In earlier attempts, the vegetation was filtered using the first-last pulse information to initialize a k-mean filter. A second method, based on 3-D convolution, was implemented and produced better results.
It is based on the simple fact that the ground points will have no LIDAR return below them. This method can be easily instantiated using a visibility cone. This method is sensitive to the ground terrain slope, the point density and the LIDAR data quality. In the case of sudden changes in elevation, like along a ledge, ground points can be misclassified as vegetation. This can be compensated by dynamically varying the opening of the cone. Isolated canopy points tend to be misclassified as ground data.
LIDAR errors can be compensated partially by using a blind window of several decimeters below the point to be classified even though this approach will misclassify vegetation as ground. Results on a variety of terrains are presented in [16] , including terrain with steep slopes.
Eight traversability maps are computed by convolving the ground data points with the vehicle model along eight discrete directions. The Northing-Easting plane is 
B. Surface terrain reconstruction evaluation
Accurate recovery of the terrain surface is critical. It depends on the raw 3-D data collected by the LIDAR and on the vegetation filtering technique. We assess both here.
The LIDAR absolute error was estimated using ground features recognizable in the LIDAR data and for which we collected DGPS measurement. We choose three of them: the center of the flat roof of an isolated building, a large In addition, we took a closer look at the quality of the vegetation filtering. We chose a worst case scenario with low point density (one over-fly of the area), with tall brush and thin trees. 
C. Influence of the vehicle model
We used a static vehicle model composed of three parameters: the ground clearance, the traversal and the longitudinal maximum slope angle. We are interested in determining their influence on the path planned. The actual vehicle ground clearance is 17 cm, smaller than the ermr This is the actual trajectory followed by the robot using the mobility LADAR for obstacle detection. The ground clearance criterion is more sensitive to terrain recovery ermrs than the maximum slope angles criteria.
D. Path evaluation using the actual robot trajectory
In this section we compare the actual paths executed by the robot with the initial path computed using the cost maps. Figure 5 shows such an example for Area No. 1. Figure (a) is a top view of a 3-D Figure 6 , we can see that the frequencies of the curves are the same but the amplitudes are different. Amplitude differences at regime transitions, around frame No. 400 for example, are probably due to the static model of the vehicle we are using. Amplitude differences at static regimes are probably due to the sensor error and terrain recovery process. In either case, in that particular example at least, our traversability map computation has been able to recover the basic trend of the robot attitude. Such analysis could be used to fine tune the cost map generation so as to match actual robot characteristics.
IV. CONCLUSION
In this article we investigated several methods to evaluate quantitatively the fidelity of traversability maps produced from aerial LIDAR data for autonomous ground mobile robot navigation. We evaluated the surface terrain reconstruction error, we tested the influence of the vehicle model, we produced an estimate of how well we reconstructed the terrain based on real path data and the cost map computed, finally we compared the robot attitude with the estimated robot attitude from aerial and ground LIDAR data.
This work has been possible because of a unique data set. But traversability maps are manually engineered (algorithms, vehicle model threshold) and cannot capture completely the complexity of the terrain. We tried to overcome this problem by using data from actuals runs. We plan to pursue the use of actual robot data to assess the traversability map quality. 
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